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ABSTRACT There are many difficulties and challenges involved in cars failure and malfunction diagnosis.
The diagnosis process involves heuristic and complex series of activities and requires specific skills and
expertise. A basic toolkit and assistance software are imperatives to help the car drivers to at least identify
the source of car failure or malfunction, especially, when the location of the event does not permit immediate
help. It enables the car driver to take an initiative in knowing the car condition and try to repeat the car. Expert
systems are widely used to embody the diagnosis expertise into machines. However, improving the expert
systems’ inferencing capability and diagnosis accuracy are still open research topics. Consequently, this
paper proposes an agent-based inference engine for the car failure diagnosis expert system that is named
automated car failure diagnosis assistance (ACFDA). The agents’ goal is to maximize the efficiency of the
overall performance of the ACFDA system by deliberating a number of inferencing tasks and tuning the
inferencing logical flow. Additionally, the agents’ collective effort provides reliable solutions that best fit
the users’ inputs. The ACFDA system is experimentally tested by 15 relevant candidates. The test results
show that the system efficiently and reliably performs the diagnosis to the most given car failure cases. The
system can be integrated into cars or can be used as a separate gadget to assist the car drivers in car failure
diagnosis and repair.
INDEX TERMS Car failure diagnosis, knowledge-based system, expert system, software agent, inference
engine.
I. INTRODUCTION
In the current time, cars play an important role and become
very necessary for different walks of humans’ life. The cars
are the most popular transportation methods in many parts of
the world [1]. Appling automotive and assistance technolo-
gies in cars at present and in the future, are very important
features for most of the cars’ users [2]. Some people are
spending time in their cars more than spending timewith their
family. Subsequently, integrating smart devices and applica-
tions in cars have become a competitive merit for all car
makers. Assisting a car driver about the car’s condition can
be a popular and outstanding feature [3].
There are many cases where car failure causes are very
simple and can be handled by the car driver if the driver
has a basic knowledge about cars [1], [3]. It is an essential
need when the failure incidence occurs far from car service
shops or garages such as suburbs, highways or uninhabited
places [4]. An example of car failures that can be handled
by a novice user engine overheating. it can result from low
water level in the radiator which does not involve defective
car parts. Hence, the car driver in many situations should be
able to perform the first level of diagnosis.
Mostly, car failures require skilled automotive techni-
cians or car mechanics such as a dead injector or fuel
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pump [3]. The advance car failures diagnosis is only limited
to highly skilled automotive technicians or car mechanics.
However, cars’ specifications are always and quickly chang-
ing due to environmental and economic factors [2]. This
change results from the emergence of innovative technologies
such as hybrid engines or electric motors. Throughout these
changes, even skilled car mechanics are straggling to handle
some car failures or malfunctions.
The success in handling diagnosis of a car failure manly
depends on the individual’s experience and experts. A spe-
cific diagnosis experience of a domain can be acquired from
experts and collect in computer applications to be used by
inexpert individuals [5]. Artificial intelligence techniques
have been successfully applied by researchers, institutions,
and firms in different diagnosis domains [6]–[9]. Knowledge-
based systems, expert systems, software agents, fuzzy logic
and neural network are some examples [10]–[15].
Expert systems are widely used in many diagnosis applica-
tions including cars failure diagnosis [3]. The expert systems
use heuristic algorithms to reason over a stored knowledge
and formulate solutions [16]. Many facts and rules are to be
applied in order to catch the car failure causes which entails
reasoning capabilities. Applying software agents to perform
reasoning tasks for expert systems is visible in the literature.
The agents are useful in dynamically exchanging data and
collaboratively handling multiple streams of events [17]. For
instance, Cardoso [18] proposes a multi-agent expert system.
The system incorporates rule-based agents to form its infer-
ence engine. The inference engine obtains the autonomous
capabilities of a multi-agent system including communica-
tion, coordination, and collaboration.
In general, this paper manifests the importance of adopting
an expert system for cars failure diagnosis. Consequently,
the paper includes the development of an Automated Car
Failure Diagnosis Assistance (ACFDA) system. The ACFDA
systems use a proposed agent-based inference engine. This
research contributes the design and development of the agent-
based inference engine and a Multi-agent System Collabora-
tive (MASC) module.
The remainder of this paper proceeds as follows. Section I
presents car failure diagnosis that is followed by the related
work in Section III. Section IV presents the design and the
implementation of the ACFDA system. Section V outlines
system testing and presents the results. Section VI discusses
the research contributions, limitations and finding. Finally,
Section VII presents the conclusion and proposes future
work.
II. CAR FAILURE DIAGNOSIS
The failure diagnosis operation, in general, is a heuristic and
complex series of activities as shown in Figure 1. It entails
a prior knowledge and experience regarding the diagnosed
subject; such as a human, animal, plant, or machine [12]. The
manual failure diagnosis is represented by humans’ obser-
vations and the rules of thumb in diagnosing a particular
problem. The observations provide information about the
FIGURE 1. General framework of failure diagnosis.
behavior of the diagnosed subject [11]. The rule of thumb
includes checking the parts that are more related to the prob-
lem with the consideration of the intended and normal state
of their performance [5]. A human who diagnoses a particular
problem of a machine (electrical or mechanical) needs to
have different types of knowledge about the machine include
the machine’s physical properties, fundamental, tacit, along
with common sense diagnosis knowledge [1]. The diagnosis
knowledge of an individual is acquired and improved through
practice across time. The practice helps an individual to
develop its knowledge and later become an expert [19].
There are different types of vehicles and each of which
utilizes different types of technology. For instance, the engine
of a car might run on petrol, gas, diesel, electrical, or hybrid
power. Subsequently, expert mechanics or mechanical engi-
neers usually specialize in specific types of vehicles [20].
Consequently, cars are exposed to failure or malfunction
incidences that unexpectedly break them down. There are
many causes of cars failure including the problems in the
engine system, cooling system, braking system, transmission
system, electricity, and wiring. The variety of the types and
potential causes complicate the cars failure diagnosis process.
Cars failure and malfunction diagnosis in general built upon
the knowledge of a car’s parts, their locations and apply-
ing a logical failure diagnostic routine [3]. The following
algorithm 1 presents a common diagnosis routine of a car
failure.
Algorithm 1 The Diagnosis Steps of a Car Failure
step1: identify irregularities of the car during different run
states;
step2: search for physical symptoms such as leaking or
broken parts;
step3: deliberate on the possible problems and filter out
irrelevant targets;
step4: assess the targeted problem conditions;
step5: apply solutions to the targeted problem;
step6: verify the successfulness of the applied solutions;
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The automated failure diagnosis is applying a number
of procedures to automatically detect and identify faulty
parts. It is one of the challenges that the artificial intel-
ligence tries to solve. Its challenge results from the need
for a reasoning technique that is capable of emulating the
diagnosis processes of the human brain [19]. Automated car
failure diagnosis becomes an interesting subject in Artificial
Intelligence research [9]. There are a number of automated
diagnosis techniques available together with their reason-
ing algorithms [12]. These techniques include the following
components [3], [16]:
1. Domain knowledge.
2. Data acquisition methods to collect symptoms.
3. Variation rules to identify expected and actual states.
4. Assessment methods to detect inconsistencies.
5. Inference methods to generate solutions.
A knowledge-based system is a part of Artificial Intel-
ligence science that aims to produce intelligent machines
and computer programs [9]. An expert system is a type of a
knowledge-based system that embodies a particular domain
expertise such as a particular medical [7] or mechanical [8]
diagnosis domain. Usually, an expert system interacts with
users via a dialogue to get inputs of a problem in order for
the system to extract the problem’s symptoms. The direction
of the dialogue is based on inputs of the user. The inputs can
be extracted by providing series of questions and collecting
responses or using an information sheet to be entered into the
system [2]. The expert system then processes the symptoms
as facts and offers solutions and suggestions [16]. At the same
time, the user can take the initiative to supply information that
the expert system did not ask for to improve the diagnosis
results.
III. RELATED WORK
Our literature review reveals that agent-based expert system
is yet to be applied in car failure diagnosis. Subsequently,
to cover the scope of this work, we divide the literature review
into two parts as follows.
A. CAR FAILURE DIAGNOSIS EXPERT SYSTEMS
Expert systems have been developed for a wide range of
applications to perform reasoning tasks in diagnosis, control,
and detection research fields [16]. The first expert system for
technical fault diagnosis is developed at MIT in the early
1970’s [19]. Recently, expert systems have been proposed
for cars failure diagnoses. Milanović et al. [6] propose a
car automotive diagnostic model based on hybridization of
an expert system and decision support system. The failure
diagnosis is made by the expert system and the process of the
replacement of a faulty component is made by the decision
support system. This hybrid system is practically tested and
the test results show that the system increases the efficiency
of labor and reduces the mental workload of the workers.
Nabende and Wanyama [21], develop an expert system for
a heavy load vehicles diagnosis, known as Heavy Duty Diesel
Engines (HDDEs). They propose Bayesian Network technol-
ogy for modeling the inference engine of the HDDEs. The
HDDEs faults diagnosis expert system has a high potential
for rapid diagnosis revealed a hidden fault in the engine and
re-recommendation proper procedures of corrective actions.
The results show that employing an expert system in such
domain is highly useful. Heavy-duty diesel engines require
high skills and extensive experience in the field of mechanics.
The limitation of the work is the simplicity of the knowledge
base in which a very limited number of facts and rules are
applied.
In the work of Aggarwal et al. [9], they model an expert
system for cars failure diagnosis and repair. They propose a
recursive inference engine that its applicable rules perform
according to the phases of matching, selecting and executing.
The knowledge base has a complex structure and contains a
large number of facts and rules. The system takes into account
many factors affecting the expert system such as the time
and level of expertise. The prototype of this system is not
promoted to be used as a complete application due to time
and resource limitations.
Similarly, Mostafa et al. [3] present the imperatives for
an expert system in developing car failure detection models.
They address the problem of cars failure diagnosis and the
need for applying the expert system in this field. Subse-
quently, they develop a Car Failure and Malfunction Diagno-
sis Assistance System (CFMDAS). The CFMDAS consists
of three main parts which are the knowledge acquisition the
graphical user interface and expert system. The expert system
has a conventional forward chaining interface engine. The
CFMDAS system is found to be highly useful in assisting
mechanics for failure detection and training purposes.
Roanes-Lozano et al. [4] develop a portable knowledge-
based system for cars failure notification. The system consists
of three main important parts: a knowledge base, an inference
engine and a user interface which has a standard dashboard
of a car. The inference engine has a mathematical model and
works based on algebraic architecture. The system helps the
driver to be aware of the dashboard icons conditions and
meanings. The driver interacts with the system to identify
the car conditions based on the dashboard lights indications.
The system is developed as a mobile application to alarm the
driver on a possible failure and helps the driver to handle the
failure.
B. AGENT-BASED EXPERT SYSTEMS
There are several studies that integrated software agents in
expert systems. The aim of the studies is to improve the qual-
ity and accuracy of the overall systems’ performance [22].
The agent provides proactive capabilities and the multi-agent
provides deliberative capabilities to the systems [23]. These
capabilities make the systems feasible to analyze some pos-
sible interactions among modules at design time and hence
efficiently handle complexities and anomalies [24]. The fol-
lowing are some examples of deploying agents in expert
systems.
Sridhar [25] proposes a framework of distributed multi-
agent to improve the accuracy of an expert system. The agents
VOLUME 6, 2018 3
S. A. Mostafa et al.: Agent-Based Inference Engine for Efficient and Reliable ACFDA
interact with users to collect relevant information then com-
bine it with the knowledge base data to discover a high
order data or global knowledge. The framework includes data
mining algorithms to retrieve and/or extract useful data of
facts and rules from the knowledge base. The framework is
applied in a knowledge-based medical diagnostic system for
calculi disease.
Arsene et al. [24] propose a collaborative multi-agent
framework in an expert system for an online healthcare
system. The framework is used to manage and contribute
to medical specialists’ collective diagnosis. It has three key
components: software agents for search and collaboration,
a Bayesian network for uncertainty reasoning, and ontology
for domain knowledge representation and management. The
domain knowledge includes the history of the patients in
the form of evidence, causes, effects. Each agent assists a
physician in searching the domain knowledge, propagating
beliefs and performing the collaborative diagnosis.
Muntean and Donea [26] propose an agent-based expert
system for tourist guide mobile application. The expert sys-
tem includes a knowledge base of Artificial Intelligence
Markup Language (AIML) and a Global Positioning Sys-
tem (GPS) database. The GPS-database includes information
and coordinates of tourist attraction places such as historical
monuments, hotels, restaurants, hospitals and, embassies and
user-defined locations. The agents collect and track a user
position via theGPS databases and dynamicallymap the posi-
tion of the user with the targeted places. The agents interact
with the user via a query interface, perform inferencing tasks
on the AIML and GPS-database, and return answers to the
user in natural language.
IV. THE ACFDA SYSTEM
This research proposes an agent-based expert system for cars
failure diagnosis called the Automated Car Failure Diagnosis
Assistance (ACFDA) system. The ACFDA system is used to
evaluate car conditions and recommends the best actions to
be carried out by its targeted users, who are car drivers and
junior car mechanics. The diagnosis covers possible repairs,
whether on-site or at a workshop depending on the urgency
of the problem. The system also provides a tow service. The
ACFDA system is implemented in Java using Java Expert
System Shell (Jess) as the expert system development plat-
form and Java Agent DEvelopment (Jade) as a multi-agent
system development platform. The ACFDA system is tested
by a number of car mechanics and drivers to ensure its
correct diagnosis to cars failures. The ACFDA system archi-
tecture consists of four main components which are knowl-
edge acquisition, knowledge base, agent-based inference
engine and user interface. The components are detailed in the
following subsections. Figure 2 shows the architecture of the
ACFDA system.
A. THE KNOWLEDGE ACQUISITION
Knowledge acquisition is an essential step in developing
an expert system. In order for the expert system to solve
FIGURE 2. Architecture of the ACFDA system.
a problem that requires a human expert, it needs a suffi-
cient knowledge of the domain expertise to be stored in its
knowledge base. The source of the knowledge base highly
depends on the domain, which in this research, would include
the domain experts, existing sources such websites, catalogs
and maintenance guides as well as knowledge growth. The
domain experts are represented by mechanics, engineers, and
scholars. The knowledge growth results from the agents’
modification to the Jess based on the human validation to
the diagnosis process. The conducted knowledge acquisition
methods, their difficulties, and usages are shown in Table 1.
TABLE 1. Data acquisition methods and properties.
The acquired data represents straightforward and easy to
handle failures by a car driver. The data is represented as sets
of facts, rules, and relations of car failure diagnosis. It also
includes texts, audio, and images which are mainly used for
explanation and guiding purposes. Table 2 presents a sample
of the acquired data.
TABLE 2. Data samples.
B. THE KNOWLEDGE BASE
The facts include diversities of attributes, structure, entities
such as predicates of rules (expressions that defines the con-
straints of the rules) or arguments. The rules have different
depths and include meta-rules. The rules are divided into
three categories: Start-up rules which contain 12 main rules,
run-stable rules which contains 8 main rules, and move-
ment rules which contains 17 main rules. The categories
are adopted from [10] and the rules are mainly adopted
from [3], [6] and [20]. Figure 3 shows the structure of the
knowledge base.
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FIGURE 3. Car failure diagnosis states.
The start-up state addresses problems that may occur when
a person tries to start-up a car. For example, an engine does
not work, some sounds noticed, or engine worked ones and
stopped. These problems could be caused by one or more fail-
ures including battery, wiring or dynamo. The run-stable state
addresses the problems that may occur after starting up the car
but the car fails to move. The corresponding failures of this
state are related to the brake system, cycle on-off or gearbox
system. The movement state addresses problems that may
occur during a car’s movement. The corresponding failures
of the movement state are related to the fuel system, oil pres-
sure, water temperature, or wiring problems. The knowledge
base also contains suggestions to the users that explains the
application of the solutions.
C. THE AGENT-BASED INFERENCE ENGINE
The ACFDA system has an agent-based inference engine
and works based on a forward chaining algorithm. This type
of inference engine considers the options of facts and rules
applications and tracks or chains the conditions that direct
to an outcome. The forward chaining algorithm uses a basic
rule-based system strategy of a cause and effect implies a
conclusion. For instance, a car_radiator_water_level is low
(cause), engine_temperature is high (effect) and this change
of the temperature results damage_engine (conclusion).
Consequently, the agent-based inference enginemaps a user’s
inputs with rules and their corresponding data including facts,
texts, audio, and images. It works on the three categories of
pre-assigned car failure diagnosis data as explained before.
The agents implement seven inferencing tasks to direct the
execution flow of the diagnosis process. The inferencing tasks
are presented as follows:
• t1: interact with a user (inputs/outputs);
• t2: search for an appropriate query based on the user’s
inputs;
• t3: retrieve relevant facts from the knowledge base based
on the user’s inputs;
• t4: search for appropriate rules to be applied to the facts;
• t5: decide on the conflict of applying multiple rules;
• t6: decide on the outputs that best satisfy the user’s
inputs;
• t7: update the knowledge base with a new knowledge
when required;
The agents have a collaborative architecture that delib-
erates on carrying out inferencing tasks according to the
diagnosis conditions [27], [28]. A major advantage of the
collaborative multi-agent system architecture is the balance
between the interoperability and the autonomy of individ-
ual agent. The agents’ goal is to maximize the efficiency
of the overall performance by reducing the inferencing
tasks and generate reliable solutions that best fit the users’
inputs [29], [30].
The agent-based inference engine has a collaboration mod-
ule of a multi-agent system, MASC. This module assists
the agents in performing a collaborative plan and prevents
a possible conflict between their plans. The plans consist of
a set of inferencing tasks. The agents deliberatively choose
the tasks and perform a number of pre-compiled actions
to complete the tasks. Figure 4 shows the collaborative
architecture of the agent-based inference engine in which
three agents are deployed to decide on the seven inferencing
tasks.
FIGURE 4. Architecture of the agent-based inference engine.
Based on Figure 4, if a user enters an input after t1, then
the agents select the task t2. Tasks selection can be sequential
if the diagnosis is simple, or deliberative if the diagnosis
is complex. A diagnosis is deemed as complex when the
system fails to reach a solution directly and performs several
revisions to its queries. The system needs to revise some of
its activities such as reconsidering pursuing t2 or t4. This
revision might result in conflict in agents’ decisions in which
each agent might select a different sequence of tasks. The
following explains the collaboration mechanism of a multi-
agent system to revise the inferencing process of the expert
system.
Let Gα be a group of agents that operate in a system; α be
an agent in whichGα = {α1, α2, . . .}; and T = {t1, t2, . . .} are
the possible tasks that each of the Gα can perform according
to a collaborative plan, P in which the P ⊆ T. Let an
individual agent, αi has a set of beliefs Bi that represents
its perception of its environment, E, including an inferencing
complexity belief, BCi , and a plan revise belief, B
R
i ; the αi
VOLUME 6, 2018 5
S. A. Mostafa et al.: Agent-Based Inference Engine for Efficient and Reliable ACFDA
operates according to a plan, pi; the αi frequently updates its
beliefs using a belief revision function (brf ), brf : Bi → Bi.
The αi updates its pi when there is a significant change in
its beliefs of BCi and B
R
i using plan revised function (prf) as
follows:
prf : (BCi × BRi → Bi)× pi ⇒ pi (1)
The Gα has a collaboration module of a multi-agent system
MASC that helps in managing and coordinating the perfor-
mance of the agents in a system. Each agent has its own
plan, p and the p has a set of inferencing tasks in specific
sequence pt = {t1, t2, . . .}. The agents use theMASCmodule
to form a collaborative plan through applying a tasks choice
function (tcf ) to distinguish between the selection of different
tasks.
tcf (pt )
ri,j = 1, ∃ tj ∈ T : tj ∈ p
t
ri,j = 0, otherwise (2)
where r is an element that denotes an agent’s choice of
planned tasks, i is an index of an agent, j is an index of a task,
and i, j = {1, 2, . . .}.
The tcf forms a plans relation matrix, R. The agents’ use
the R to map the plans and induces the collaborative plan, P of
a multi-agent system:
R =
t1 t2 tm α1 r1,1 r1,2 r1,mα2 r2,1 r2,2 r2,m
αn rn,1 rn,2 rn,m
, (3)
where n denotes the number of agents and m denotes the
number of tasks of the inference engine.
The agents apply a tasks intensity function (tif ) in the
MASC module to decide on the consideration of a particular
pattern of tasks, P. The tif includes (4) to measure the inten-
sity, v, of the chosen patterns of tasks in which the intensity
of a pvi = {v1, v2, . . . , vm. Then it maps the R with the pvi to
form the new P.
vi =
∑n
i=1 ri,j
n
(4)
For example, suppose that there are four agents, Gα =
{α1, α2, α3, α4} and six types of tasks, T = {t1, t2, t3, t4, t5, t6
of a multi-agent system. Each agent deliberates the options of
the tasks and selects a specific number of tasks with specific
sequence as its plan based on its perception in which →
α1 : deliberation pt1 = {t1, t3, t5},→ α2 : deliberation pt2 ={t2, t3, t5},→ α3 : deliberation pt3 = {t1, t3, t4}, and→ α4 :
deliberation pt4 = {t1, t2, t5}. The agents use the MASC to
generate the relation matrix, R then apply tif : R × pvi → P
and generate the collaborative plan as described in Figure 5.
A simplified model of the ACFDA system based on the
agent-based inference engine is shown in Algorithm 2.
Algorithm 2 The ACFDA Model
01 begin;
02 initial < SS : solution state, SF : failure state, SQ:
query state, SA: answer state, SC : complexity state,
SR: revise state, SK : knowledge base state,
B : {BS ,BF ,BQ,BA,BC ,BR,BK , . . .} >;
03 User: selects a SF ;
04 Gα do until valid SS :
05 Gα do i until n:
06 brf : Bi→ Bi;
07 prf : Bi × pi ⇒ pi;
08 end-do;
09 tif : R× ⇒ pvi P;
10 Gα do j until m:
11 switch (Pj)
case 1: /∗t∗1 /; break;
. . .
case 7: /∗t∗7 /; break;
default: /∗revise∗/ break;
12 end-switch;
13 end-do;
14 if found SS :
15 recommend solution;
16 assist user;
17 User: apply solution;
18 User: validate solution;
19 set SS ;
20 otherwise:
21 set SC ;
22 set SR;
23 end-if;
24 end-do;
25 assist user;
26 end.
FIGURE 5. Collaborative relationship of the agents.
D. THE USER INTERFACE
The ACFDA system runs a diagnosis of a car failure through
interactive sessions via a graphical user interface. The sys-
tem provides a step-by-step guide to the user with a set of
explanation along the diagnostic activities. The user inter-
face is divided into four types, which are the (1) main user
interface, (2) query user interface, (3) solution user interface,
(4) assistance user interface, and finally (5) knowledge base
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FIGURE 6. Main user interface of the ACFDA system.
user interface. The system diagnosis a car failure through
interaction session with a user. When the system is started
the main user interface is displayed on the screen and asks the
user to choose one of the three car states as shown in Figure 6.
The user is expected to choose a state that is particular to the
problem that the car has.
Following Figure 6, the diagnostic flow starts when the
user selects the failure state according to the car condition.
The system then interacts with the user by starting a query
session until the user answers all the queries. The user inter-
face is represented as a menu which displays the questions
to the user and the user answers with YES or NO. Sub-
sequently, the system will propose a solution based on the
answers by the users. The system is meant to deal with
novice users that could benefit from simple diagnosis to solve
problems. The ACFDA is also equipped with user assistance
features. The application will guide the users on what they
should do to solve the problem. As the last resort, the system
provides a help service that lists all car repair and tow services
from different cities in Malaysia.
V. THE RESULTS AND EVALUATION
The ACFDA system testing encompasses two test phases
in order to evaluate the performance quality of the system.
An initial test precedes each of the test phases to check the
functionalities of the system. This test covers all the possible
diagnosis problems that the system might encounter. It is
meant to verify that the inference engine and the knowl-
edge base are performing correctly. Subsequently, (I) the first
test phase implements the proposed agent-based inference
engine that has deliberative features. (II) The second test
phase implements a conventional forward chaining inference
engine that has sequential features. This type of inference
engines chains or tracks the conditions of rules that direct
the system to an outcome. The system has the same initial
state for the two test phases. The candidates for the tests are
15 persons (10 car drivers and 5 mechanics). Each test phase
consists of 15 attempts and considers specific and similar
failures of a car. The failures are selected to cover the start-up,
run-stable, and movement car failure states for which each
state is equally tested with five attempts. The test results are
divided into the same three categories of start-up, run-stable-
and movement results.
(I) The results of the agent-based deliberative inference
engine: The diagnosis results of the start-up state show that
the required diagnostic steps to reach a solution on average
is 10, the average time to do the diagnosis is 0.56 seconds,
the revision state occurs six times (ones a run in average),
the average number of tasks is 44, the human evaluation of the
logical flow of the run in average is 88% and the overall
diagnosis success rate is 100%. The run-stable diagnosis
results show that the required diagnostic steps to reach a
solution on average is 9, the average time to do the diagnosis
is 0.54 seconds, the revision state occurs five times (ones a run
in average), the average number of the performed tasks is 40,
the human evaluation of the logical flow of the run in average
is 92% and the overall diagnosis success rate is 100%. Finally,
the diagnosis results from the movement state show that
the required diagnostic steps to reach a solution on average
is 9, the average time to do the diagnosis is 0.64 seconds,
the revision state occurs six times (ones a run in average),
the average number of the performed tasks is 46, the human
evaluation of the logical flow for a test in average is 88% and
the overall diagnosis success rate is 100%. Table 3 presents
the results of the agent-based deliberative inference engine.
TABLE 3. Results of the agent-based inference engine.
In table 3, the car state column contains the tested cars’
state of failure; the test column contains the number of tests
for each of the tested states; the steps column contains the
number of diagnostic steps of a test that are taken to reach a
solution; the time column contains the diagnosis time of a test
in second (excluding human respond time); the revise column
contains the occurrence of the revision process of a test; the
task column contains the number of tasks of a test; the flow
column contains the human evaluation of the logical flow for
a test (the value of 1 indicates low and 5 indicates high flow);
and the success column contains the overall diagnosis success
state of a test.
(II) The results of the conventional sequential infer-
ence engine: The start-up diagnosis results show that the
required diagnostic steps to reach a solution on average is 9,
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the average time to do the diagnosis is 0.53 seconds, the
average number of tasks is 46, the human evaluation of the
logical flow of the run in average is 80% and the overall
diagnosis success rate is 80% with one attempt that is consid-
ered unsuccessful. The run-stable diagnosis results show that
the required diagnostic steps to reach a solution on average
is 8, the average time to do the diagnosis is 0.49 seconds,
the average number of the performed tasks is 41, the human
evaluation of the logical flow of the run in average is 88% and
the overall diagnosis success rate is 100%. Finally, the results
of the movement diagnosis show that the required diagnostic
steps to reach a solution on average is 9, the average time to
do the diagnosis is 0.56 seconds, the average number of the
performed tasks is 49, the human evaluation of the logical
flow of the run in average is 76% and the overall diagnosis
success rate is 80%.
The results of the conventional sequential inference engine
are convenient in general.Meanwhile, the results of the agent-
based inference engine are better than the conventional infer-
ence engine. Figure 7 shows the summary of the ACFDA
system performance using (I) the agent-based deliberative
and (II) conventional sequential inference engine in the three
car failure states. The overall results of the agent-based infer-
ence engine show that the required diagnostic steps to reach a
solution on average is 9, the average time to do the diagnosis
is 0.58 seconds, the revision state occurs six times (ones a
run in average), the average number of tasks is 43, the human
evaluation of the logical flow of the run in average is 89% and
the overall diagnosis success rate is 100%.
FIGURE 7. Evaluation results of the two inference engines.
The overall results of the conventional inference engine
show that the required diagnostic steps to reach a solution
on average is 9, the average time to do the diagnosis is
0.52 seconds, the average number of tasks is 45, the human
evaluation of the logical flow of the run in average is 81%
and the overall diagnosis success rate is 86%. Consequently,
the results imply that the overall required time to get a sat-
isfactory diagnosis and the human evaluation to the diagno-
sis are relatively convenient. Subsequently, the agent-based
inference engine increases the required diagnostic steps but
decreases the number of tasks which slightly increases the
diagnosis time. In return, it increases the logical flow of
FIGURE 8. Relationship between the diagnosis and time of the two
engines.
the run and the diagnosis success rate. The variation of the
diagnosis time is affected by the diagnosis steps, the corre-
sponding tasks, and the revision operation. Figure 8 depicts
this relationship in the three car failure states.
Although the sequential behavior is less complicated but
not good enough to handle some anomalies of uncommon
diagnosis cases or user inputs. The deliberate inference
engine can revise and do backtracking without completing
unnecessary tasks. However, the system is tested by experi-
enced or guided users, in order to show its superiority over the
conventional system, it should be tested by common users and
in a real-world environment.
The ACFDA system is compared against existing systems
including the specifications of the diagnosis method, the type
of users, the online or offline access ability, the availability
of a friendly user interface, the development platform, and
the existence of additional services. Ultimately, the evaluation
results prove that the ACFDA system has the characteristics
of efficient and reliable expert systems. It has the merits of
adequate response time, high accuracy, easy usage, interac-
tivity and ability to be integrated into multiple platforms.
VI. DISCUSSION
Expert systems are computer programs that manifest
intelligent solutions by acquiring and inferencing humans’
knowledge and expertise to solve challenging problems. The
expert system embodies humans’ knowledge of a particular
expertise to accomplish particular tasks of a domain. The
application of the expert system in the diagnosis domain
entails interaction with users to obtain relevant information
from the users. The system performs the diagnosis accord-
ing to reasoning processes over the obtained information.
It applies a heuristic mechanism to its existing knowledge and
proposes solutions.
In general, cars failure and malfunction diagnosis are built
upon the knowledge of a car’s parts, their locations and
applying a logical failure diagnostic routine [3]. There are
many needs for an automated car failure diagnosis system.
It is essential in the emergency and difficult situations when
the driver of the car in places that are far from car services.
In this work, we study, design, implement, test and evaluate an
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expert system for car failure and malfunction diagnosis. The
ACFDA system is able to perform the diagnosis of 15 car fail-
ures. The results of the tests show theACFDA system is found
to be successful and useful. The logical flow and consumed
diagnosis time of theACFDA system are also found to be very
convenient to the users. The system can be used as a software
kit by drivers that have basic knowledge or experience on car
parts or junior mechanics.
This research contributes the design and development of an
agent-based inference engine. Additionally, it contributes the
MASC as a collaboration module of a multi-agent system.
The MASC assists the agents in generating a collaborative
plan and prevents a possible conflict between the agents’
planning decisions. The research finds that integrating a
system like the ACFDA within cars can be practical and
particularly useful. The ACFDA system provides early diag-
nosis of some types of failure or malfunction which could
prevent greater damage or serious accidents. The limitation
in the present design of ACFDA is that the knowledge base is
tailored to a specific type of cars and users, and the users need
to have prior knowledge about their cars. The system can be
further improved by enhancing its knowledge base contents
which will further reflect the usefulness of the proposed
contributions.
VII. CONCLUSION
This paper presents some recent issues of automated cars
failure diagnosis and the application of the expert system
on cars failure diagnosis. It attempts to develop an expert
system for cars failure diagnosis to efficiently control a
car failure diagnosis process and generate reliable results.
Subsequently, the paper proposes an agent-based inference
engine for developing an Automated Car Failure Diagnosis
Assistance (ACFDA) system. The ACFDA system assists the
car driver to take the initiative and try to fix the car or at
least learn the car condition. The system is experimentally
tested by a number of car mechanics and drivers. The test
results show that the ACFDA system has successfully per-
formed diagnosis in most of the tested car failure cases
and confirm its usefulness. The system can be integrated
into cars or be used as a mobile application to assist car
drivers.
The possible future improvements to be made to the sys-
tem are updating the knowledge base with new car failures.
A more futuristic work is making the system able to perform
a fully-automated diagnosis by connecting it directly to the
problematic parts of the car and automatically alarms the
driver when specific incidences or failures occur.
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